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ABSTRACT

Monocular depth estimation helps the robot to understand the surrounding environments in 3D. Especially, deep-learning-

based monocular depth estimation has been widely researched, because it may overcome the scale ambiguity problem,

which is a main issue in classical methods. Those learning based methods can be mainly divided into three parts: supervised

learning, unsupervised learning, and semi-supervised learning. Supervised learning trains the network from dense ground-

truth depth information, unsupervised one trains it from images sequences and semi-supervised one trains it from stereo

images and sparse ground-truth depth. We describe the basics of each method, and then explain the recent research efforts to

enhance the depth estimation performance.
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SR, FhoEts F2A SAlof ofsto] AAU
7AW, ol& 53] Tt ZhlEhts o] gste] 334l F3H
Edste A& of @Al etk olHT AAd REAS S
?1s RGB-D, IMU, AH| L 7tH|2t 52 371 AlME Z-85tq
AR BoAS sldste A7 e of gk

ol#gh F7t Al A= HIE 9 FA A Q1 Sl A Esfjoln, Al
A Apole] F718k 9l &% wietulE g F4ste 2 F7HE
Aol Feslt. o2t o] & s, Tet FhmlEhtg o83

S

Nl
olu] 7} Foi7 Broll M, Al A7 Hug 2l AL
2715k3 T Afole] Zlo] Wl sk, Laild Afole] &
AYLE fAIste] Zed) Ato]o] S 7HAI =S sk AloflA
=514 ot (Forster et al. 2014, Mur-Artal e

et al. 2016).

sk 714k Zdo] 34 7ML TRl Fluzte] Al MM s
2719 BAE shdete 2ol 24 WAl 7T olrk
Aol 35 Zlo] gk FEE v o= AAY JH I} 25
o] ARE ALFA A7 (convolutional neural network)S
o] 85te] hgsle 7ol olelgt & Zlo] AAIY S AlF

81, 710] 8 oA] A Tl ol ABecks o] ek

B ge 87Uk Bk st o] 249 ATES o
dlolelel wet 255k, s ol et kel Ay 2 o
5ol thsle] AAITICE. o|o) 3, ol UnkE o Be
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Depth CNN

S e Pose CNN
Target Image (1)

Estimated Depth )

||| ‘1".

Relative Pose (TA',-J-)

K}

Warped Image (I )

Fig. 1. The diagram of training step in unsupervised monocular depth est|mat|on From source |mage 1, depth CNN estlmates depth g, in source view. From
both source and target images (7,,1,), pose CNN estimates relative pose T;. With estimated depth 7, and relative pose T}, the source image is warped as in
Egs. (4) and (5) in target view denoted as 7,.Then, the loss function is defined as the difference between the target image 1, and warped image 7,asin Eq. (6).

regression) £AE WAL, olo] Quke AFY T2 L £4
42 AT HG PHES AR FA H1o] Zo] 4

A= vy Aoz okex] 9T)
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Table 1. The depth estimation performance in NYU Depth dataset (Silberman et al. 2012). Train label means the training data of given methods: depth is
depth ground-truth, and virtual is virtually generated dataset with image and dense depth ground-truth pairs. All results from each cited paper.

Lower is better Higher is better
Method Train AbsRel SqRel RMSE RMSE log 0<1.25 0<1.25° 0<1.25°

Eigen et al. (2014) depth 0.215 0.212 0.907 0.285 0.611 0.887 0.971
Laina et al. (2016) depth 0.127 - 0.573 0.195 0.811 0.953 0.988
Fu etal. (2018) depth 0.115 - 0.509 - 0.828 0.965 0.992
Wofk et al. (2019) depth - - 0.604 - 0.771 - -

Lee & Kim (2019) depth 0.131 0.087 0.538 0.180 0.837 0.971 0.994
Kundu et al. (2018) depth + virtual 0.114 - 0.506 - 0.856 0.966 0.991
Kundu et al. (2018) virtual 0.136 - 0.603 0.057 0.805 0.948 0.982
Zheng et al. (2018) virtual 0.157 0.125 0.556 0.199 0.779 0.943 0.983

Table 2. The depth estimation performance in KITTI dataset (Geiger et al. 2012) with eigen split (Eigen et al. 2014) and 80m cap. Train label means the
training data of given methods: depth is depth ground-truth, mono/stereo seq is sequential data of mono/stereo, CS is additional training data from
cityscape dataset (Cordts et al. 2016), stereo is stereo dataset with no sequential information, depth* is sparse depth ground-truth and virtual is virtually
generated dataset with image and dense depth ground-truth pairs. All results from each cited paper.

Lower is better Higher is better
Method Train Abs Rel SqRel RMSE RMSE log 0<1.25 0<1.25" 0<1.25°
Eigen etal. (2014) depth 0.190 1.515 7.156 0.270 0.692 0.899 0.967
Fuetal. (2018) depth 0.072 0.307 2.727 0.120 0.932 0.984 0.994
Wang et al. (2019) depth 0.077 0.205 1.698 0.110 0.941 0.990 0.998
Zhou etal. (2017) mono seq 0.208 1.768 6.856 0.283 0.678 0.885 0.957
Zhou et al. (2017) mono seq (CS) 0.198 1.836 6.565 0.275 0.718 0.901 0.960
Yin & Shi (2018) mono seq 0.155 1.296 5.857 0.233 0.793 0.931 0.973
Yin & Shi (2018) mono seq (CS) 0.153 1.328 5.737 0.232 0.802 0.934 0.972
Godard et al. (2019) mono seq 0.115 0.903 4.863 0.193 0.877 0.959 0.981
Almalioglu et al. (2019) mono seq 0.150 0.141 5.448 0.216 0.808 0.939 0.975
Almalioglu et al. (2019) mono seq (CS) 0.138 1.155 4.412 0.232 0.820 0.939 0.976
Wang et al. (2019) mono seq 0.112 0.418 2.320 0.153 0.882 0.974 0.992
Gargetal. (2016) stereo 0.169 1.080 5.104 0.273 0.740 0.904 0.962
Kuznietsov et al. (2017) stereo + depth* 0.113 0.741 4.621 0.189 0.862 0.960 0.986
Godard et al. (2017) stereo 0.148 1.344 5.927 0.247 0.803 0.922 0.964
Godard et al. (2017) stereo (CS) 0.114 0.898 4.935 0.206 0.861 0.949 0.976
Aleotti et al. (2018) stereo 0.119 1.239 5.998 0.212 0.846 0.940 0.976
Aleotti et al. (2018) stereo (CS) 0.098 0.908 5.164 0.177 0.879 0.961 0.986
Godard et al. (2019) stereo seq 0.106 0.806 4.630 0.193 0.876 0.958 0.980
Godard et al. (2019) stereo 0.107 0.849 4.764 0.201 0.874 0.953 0.977
Kundu et al. (2018) depth + virtual 0.167 1.257 5.578 0.237 0.771 0.922 0.971
Kundu et al. (2018) virtual 0.214 1.932 7.157 0.295 0.665 0.882 0.950
Zheng et al. (2018) depth + virtual 0.168 1.199 4.674 0.243 0.772 0.912 0.966
Zhao et al. (2019) stereo + virtual 0.149 1.003 4.995 0.227 0.824 0.941 0.973

KITTI datasets} 2] 2tolchg o] 83k o] He Bgsts 7ol walsh Ugol wheh, Zlo] 34 w7} g2k Sojuha
A%, 29T o] 2] B Solck ol W IS WA KITTI HOlE 71 o 17 m B 23 ol =2 2
FgspA H3, ol At dlolE Y] RS A 4 Gk ol & BRIT 4 9lek A EHOR A4 Aol M A D A
AR PAS] istel A% BB ZTekA ghe, B 4] o] Hls) Fold A5 Balth ol HAEA/EAE
olckziE 24 gjedo] go] ARk vlmsiA Bk A 718 e AR Qo] Bt obd o sjEet Slsistell FukshL,

HIAEA] Sl Tle] A9, AAY BEHOR sl AA ol BRI 7, 54 B 502 Qlsle] 03 acle] MAIE
Qo] FHHA| gtk AP Atk o2 AZ3W istel  lo] =7 holrt
20l IEORNE AL HUY Fol Bas. O 109 45 WA folslor & 52 WA /UL Ea (09 B4
ARE T ANH O Zol Wk Y 7ol 27 B BEslol Tefe) B9 ol Hge AAUL Bdsh HB g,
23re 21eleta AR, Fa, ()3 28 Ao m Age)  ASA W EARA kel AHA AR vl o5
2 =it AT 714 4 Slthe Motk 9|8 Soi, Godard et al. (2019)

ol ©RE G4 olmIA] (mono seq)& 82t HIA =4 71H 2]

5 20 where 4. median(d) H=(5)7F 2HE Q. G4 omIA| (stereo seq)E HETF FAI =
A edian(d) W spuck o e ok doleg B LOE o 9
S8 DA AL FAT 4 ek ol Hes] HAEA 7ol
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Fig. 2. The example of the monocular depth estimation. Each result is calculated from author provided code and weights. For unsupervised method (Godard
et al. 2019) with mono seq, we recover scale from ground-truth depth asin Eq. (11).
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